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Introduction
Alzheimer's disease (AD) is a common, progressive neurodegenerative disorder, affecting the majority of individuals above the age of 85. To date, no preventative or curative treatments exist for the disease, which carries high socioeconomic costs (Querfurth and LaFerla, 2010) . Current biomarkers and drug trials largely revolve around the hypothesis that amyloid-beta (Aβ) deposition in the brain is a central force driving AD pathogenesis, triggering the accumulation of tau neurofibrillary tangles and alterations in various biological processes (Selkoe and Hardy, 2016) .
Interestingly though, abnormal accumulation of Aβ and tau and other neuropathological changes in AD begin several years before signs of cognitive decline, indicating a need to elucidate the molecular alterations taking place at the different stages of disease (Sperling et al., 2014) . A large amount of transcriptomic studies on human samples have been performed to address this, implementing systems-level analyses tools for identifying key Alzheimer's dsease molecular pathways (Aibar et al., 2016; Bossers et al., 2010; Zhang et al., 2013a) . However, correlation coefficients between mRNA and the corresponding protein expression in brain tissue has reached no higher than 0.45, suggesting translational and post-translation control mechanisms for protein abundance (Sharma et al., 2015) .
To get a broader systems-level view of biological processes involved in AD pathogenesis, coupling of transcriptomic and proteomic analyses is expected to be beneficial. However, they do not account for post-translational control mechanisms. Thus, direct integration of datasets from only transcriptomic and proteomic experiments would ultimately limit the identification of key signalling events. In AD, the importance of studying defects in post-translational control mechanisms is evident, as abundant hyperphosphorylation of aggregated-tau is a histopathological hallmark of the disease, and is used as an indicator for the progression of AD (Braak et al., 2006; Šimić et al., 2016) . High throughput proteomics platforms, such as liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS) have been developed, allowing for routine identification and
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4 quantification of thousands of proteins and associated phosphorylation levels (Britton et al., 2014; Dammer et al., 2015; Humphrey et al., 2015) . Therefore, coupling of transcriptomic and proteomic techniques, and more specifically those that capture phosphorylation level regulation, is essential to obtain a comprehensive systems-level view of AD pathogenesis.
Here, we coupled microarray-based transcriptomics and MS-based phosphoproteomics assay to determine mRNA, protein, and phosphopeptide expression levels from 71 autopsied temporal cortical samples, with varying degree of AD-related neurofibrillary pathology. With computational analysis, we identified disease-related transcript, protein and phosphopeptide expression patterns, associated with distinct biological processes and cell types. Further observation of the obtained gene product expression patterns allowed for generation of a hypothetical temporal sequence of the changes in the activity of specific processes at different stages of AD-related neurofibrillary pathology. Furthermore, we provide an overview of kinase activity alterations in AD through kinase-substrate coupling and measurement of phosphopeptide expression changes in relation to AD-related neurofibrillary pathology. Lastly, we implement decision trees and random forest (RF) analysis to identify potential disease-stage differentiating biomarkers. Collectively, our findings highlight the advantages of a multi-omic approach in the elucidation of complex transcriptional, translational and post-translational alterations associated with the initiation and progression of AD in relation to neurofibrillary pathology.
Materials and Methods

Neuropathological cohort
The neuropathological cohort consists of post-mortem temporal cortical brain samples from 71 individuals investigated within research projects in Neuro Center, Kuopio University Hospital. At autopsy, assessment of the extent of AD-related neurofibrillary pathology was performed by immunostaining of paraffin sections with the AT8 antibody (Thermo Fisher Scientific,
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5 RRID:AB_223647), detecting hyperphosphorylated tau (Braak et al., 2006) . The cohort was divided into seven disease severity stages based on Braak staging: Braak stages 0-VI. 60 of the 71 samples underwent microarray analysis and 36 proteomic analysis (Table S1) , with a total of 25 samples undergoing both microarray and proteomic analysis (Braak 0: n=3; Braak I: n=0, Braak II: n=5, Braak III: n=3; Braak IV: n=3; Braak V: n=6; Braak VI: n=5 
RNA and protein extraction
RNA extraction from the brain tissue samples has been described in detail previously (Natunen et al., 2013) . In short, RNA was extracted from frozen brain samples using Qiagen RNeasy Lipid
Tissue Mini Kit (Qiagen), and RNA integrity number (RIN) was determined using 2100
Bioanalyzer (Agilent). For protein extraction, tissue samples were homogenized, sonicated, and suspended in a lysis buffer (SysQuant® lysis buffer (8M urea (#108487.1000, Merck), 75mM NaCl (A1371, Applichem), 50mM Tris (T2788-1L, Sigma), pH 8.2) containing phosphatase (#04906845001, Roche) and protease inhibitors (#04693124001, Roche)), lysed using a Sonifier microtip (Branson) and centrifuged to remove cellular debris. The aqueous supernatant after lysis and centrifugation was used as the protein extract and the protein concentration of each sample was determined using the Bradford protein assay. For quality control purposes, 10 µg (or available amount) of each sample was visualized on Coomassie stained (Imperial Stain, Pierce) SDS-PAGE 4-20% gradient gels (Criterion, Biorad).
Soluble Aβ42 levels and α-, β-, and γ-secretase activity measurements
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A C C E P T E D M A N U S C R I P T 6 Aβ42 and α-, β-, and γ-secretase activity measurements were determined from a fraction of the obtained temporal cortical tissue sample for each patient, as described in Martiskainen et al, 2015 and Natunen et al, 2013 . γ-secretase activity was determined from tissue homogenates as previously described [17] . These fractions were not used for proteomic assessment explained later on.
Microarray data assembly, pre-processing and normalisation
The expression array (Agilent 8x60K Custom Exon array) was performed at the Finnish Microarray and Sequencing Centre in Turku, Finland, and is described in detail in Martiskainen et al, 2015 .
Microarray analyses were performed with R statistical software version 3.3.3 and Bioconductor version 2.13. Data import was done with limma package version 3.16.7. The probe signal intensities were background-corrected using "normexp" method in limma package. Quantile normalization was used to bring the array signal intensities to comparable levels between each other. Average expression levels between duplicate probes were used as the signal for the probe. For transcript expression analysis, 3′ untranslated region (UTR) probe signal was used as a measure of the respective transcript's global expression level. If multiple such probes targeted the same transcript, average value of the probes was used. The expression level of each individual exon is affected by the global expression level of the transcript, and to adjust for this in the alternative splicing analysis, each exon signal was normalized by the respective transcripts' global expression level (measured by 3′UTR probe). Probes that did not map to any known transcript were excluded, and in case of multiple probes mapping to a single transcript, the probe with the most interquartile-range (IRQ) variation across the samples, was retained in the analysis.
TMT ® Labelling
The tissue samples prior to TMT ® labelling, 2 mg protein of each sample was reduced (dithiothreitol), alkylated (iodoacetamide), digested (trypsin) to generate peptides, desalted (SepPak
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A C C E P T E D M A N U S C R I P T 7 tC18 cartridges (Waters, Milford, MA, USA)) and lyophilised, according to SOP. For TMT ® labelling, peptides were re-suspended in TEAB/ACN buffer, mixed with their respective TMT ® 10plex and incubated for 1 hour at room temperature. Individual TMT ® reactions were terminated with hydroxylamine and the labelled digests of each of the 10 samples were pooled into the respective TMT ® 10plex and incubated for another hour. Finally, the TMT ® 10plex analytical sample was acidified, diluted to an acetonitrile concentration less than 5%, divided into two aliquots, desalted (as above, each aliquot separately) and lyophilised to completion.
SCX-HPLC
Following peptide labelling using TMT, samples were aliquoted into 12 x 4-minute fractions by strong cation exchange chromatography. Each of 12 fractions combined into 6 fractions, which had roughly equal peptide amounts. Approximately 100 µg (~5 % of total concentration) of peptide was then taken from each of the six fractions to create the non-enriched branch of SysQuant, while the rest were subjected to phosphopeptide enrichment.
Fe-NTA (IMAC) and TiO 2
The six SCX fractions of the TMT ® 10plex were submitted to phosphopeptide enrichment in two parallel arms -Fe-NTA -IMAC (Thermo Scientific Pierce product code 88300) and A C C E P T E D M A N U S C R I P T pre-column (Thermo Scientific). This was resolved using an increasing gradient of 0.1% Formic acid in ACN through a 50 cm C18 PepMap RSLC analytical column (Thermo Scientific) at a flow rate of 200 nL/min. Peptide mass spectra were acquired throughout the entire chromatographic run (180 minutes), using top speed higher collision induced dissociation (HCD) FTMS2 scans at 30000
resolving power @ 400 m/z, following each FTMS scan (120,000 resolving power @ 400 m/z).
Mass spectrometry data assembly, pre-processing and normalisation
Raw mass spectrometry data was analysed with Proteome Discoverer v1.4 (Thermo Scientific) using the Spectrum Files node. SEQUEST HT node was suitably set up to search data against the human FASTA UniProtKB/Swiss-Prot database (version August 2016). The reporter ions quantifier node was set up to measure the raw intensity values for TMT ® 10plex mono-isotopic ions (126, 127N, 127C, 128N, 128C, 129N, 129C, 130N, 130C, 131) . The SEQUEST HT search engine was programmed to search for tryptic peptides (with two missed cleavages) and with static modifications of carbamidomethyl (C), TMT6plex (K), and TMT6plex (N-Term). Dynamic modifications were set to deamidation (N/Q), oxidation (M), and phosphorylation of STY.
Precursor mass tolerance was set to 20ppm and fragment (b and y ions) mass tolerance to 0.02Da.
Spectra were also searched using the PhosphoRS-3.1 (fragment mass tolerance of 20mmu, considering neutral loss peaks for CID and HCD) and Percolator nodes. The PhosphoRS node scored each phosphate group with a local site confidence probability score within each A C C E P T E D M A N U S C R I P T 9 phosphorylated peptide sequence. A score ≥75% was considered as an unambiguous site assignment, while scores <75% were considered ambiguous (Taus et al., 2011 (Josse and Husson, 2016) .
Following imputation, the data was quantile normalised. To reduce the influence of technical factors, batch effect removal was performed by a linear model in which the TMT ® 10plex set (TMTPlex) and TMT ® 10plex channel were used as categorical factors. For protein-level analysis, expression values were computed by averaging (trimmed mean with trim factor = 0.2) peptides that were non-phosphorylated peptides and unique to the gene identifier.
Clustering expression values
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Clustering of the transcripts, proteins and phosphopeptides was performed using the Mfuzz package (version 2.3) (Kumar and Futschik, 2007) . Relative expression levels within each Braak stage was calculated by dividing the mean expression level within a stage by the mean expression level through all the stages, and centering the value around zero by log2-transformation. Optimal number of clusters for different datasets was performed using minimum centroid distance (Schwämmle and Jensen, 2010) for range of 2-20 clusters. Fuzzification parameter was chosen with mestimatefunction implementing method proposed by (Schwämmle and Jensen, 2010) . Association of clusters to Braak stages and other phenotypic variables were performed using permutation analysis.
Variable labels were randomly shuffled 1000 times, and association of expression levels to variables in these randomized sets was analysed by ANOVA (for Braak stages) and linear regression (for other variables). For each gene product, a relative rank within the result list was recorded. The mean rank from the randomized sets within a cluster was compared to observed mean rank within a cluster. This comparison was used to calculate a permutated P-value for association of a variable to expression levels from each cluster.
Cluster enrichment analysis
Enrichment of Gene Ontology terms within clusters was performed using the following Bioconductor packages: KEGG.db, Category and GOstats. Conditional hypergeometric testing was performed to identify enriched biological processes within each cluster. For visualization of the enriched terms, top three terms from each cluster were selected, with a cut-off to exclude biological processes with a P.FDR value >0.05. Both clusters and terms were ordered by hierarchical clustering, and visualized as a heatmap.
Cell type enrichment
Cell type enrichment was determined by cross-referencing of cluster gene products with lists of genes known to be preferentially expressed in different cell types in mouse brain (Seyfried et al., 2017; Sharma et al., 2015; Zhang et al., 2014) . Mouse gene symbols were converted to human gene symbols using R package biomaRt (Durinck et al., 2009) . For transcript and protein clusters, all identified transcripts or proteins was used as background, respectively. Cell type specific gene lists were filtered for presence in the transcript and protein datasets prior to cross-referencing.
Significance of enrichment of cell type markers with clusters was assessed using one tailed Fisher's exact test.
Kinase-substrate enrichment analysis
Kinase enrichment analysis for the phosphopeptides of clusters Ph1-6 was performed using the 
Decision trees and random forest analysis
Decision trees were constructed to determine the gene products capable of assigning individuals to their corresponding Braak stages. This is done in such a way that a binary decision is made based on gene product expression levels, splitting individuals to their corresponding Braak stage. Entropy was used as a splitting metric to determine the best gene products for nodes of the tree. The gene product that minimizes entropy the most is selected as the node of a new branch of the tree. Two branches are generated, and the splitting is applied recursively, considering again all available gene products, until all individuals are correctly assigned to their corresponding Braak stage (Quinlan, 1987) . Next, random forests constituting an algorithm developed on top of decision trees were used (Altman and Krzywinski, 2017; Breiman, 2001) . Here, an iterative process first randomly modifies
the input data by mutating a certain gene product, following by a random selection of a subset of the sample. The subsample is presented as the training data to a decision tree. This process of modification of gene products and subset selection is applied several times, and each time, a new tree is generated. The most relevant gene products are those that are more commonly selected along the individual decision trees. In this contribution, we applied the Python library scikit to obtain random forests and decision trees to our data.
Statistical analysis
Differential expression across the seven Braak stages were analyzed using linear regression for linear changes, and with ANOVA for stage specific changes. Association of expression values to linear phenotypes (e.g. secretases and APOE ε4 under additive model) was analysed using linear regression. All P-values have been adjusted for multiple testing by Benjamini-Hochberg False Discovery Rate (FDR), and P-FDR<0.05 was considered as statistically significant (Benjamini and Hochberg, 1995) .
Data availability
The microarray data discussed in this publication have been deposited in NCBI's Gene Expression
Omnibus (Edgar, 2002) and are accessible through GEO Series accession number GSE106241. The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium via the PRIDE partner repository with the dataset identifier PXD008016 (Vizcaíno et al., 2016) .
Results
Transcriptomic and phosphoproteomic analysis of human temporal cortical samples
We collected 71 autopsied tissue samples from the temporal cortex of individuals with varying degrees of AD-related neurofibrillary pathology. Based on the extent of AD-related neurofibrillary
pathology, individuals were divided into seven Braak stages (Braak 0-VI) (Table S1 ) (Braak et al., 2006) . We have previously shown that β-secretase activity as well as cerebrospinal fluid (CSF) total-tau and p-tau significantly increase with advancing Braak stage in these brain samples (Martiskainen et al., 2015) . Concomitantly, a statistically significant decrease in CSF-Aβ42 levels was shown. Here, we also show that soluble brain Aβ42 levels significantly increase with increasing Braak stage (Fig. 1A) . Interestingly, no significant alterations in soluble Aβ42 levels were observed from Braak stage 0-I. From 60 of these samples, 19,367 unique transcripts were identified by microarray analysis. Additionally, utilizing LC-MS/MS phosphoproteomics, 146,396 peptides mapping to 7516 proteins and 6297 phosphopeptides were identified from 36 samples, giving a comprehensive view of mRNA, protein and phosphopeptide expression levels of our sample set. The mean Pearson's correlation coefficient between mRNA levels and the corresponding protein levels for sample that underwent both microarray and proteomic analysis was 0.10 when collapsed to common gene level (5642 common genes). Linear regression between age and post mortem delay and Braak stage showed no significant associations, and were thus not adjusted for or used as covariates in later analysis.
We initially determined differentially expressed gene products across Braak stages by linear regression, identifying a total of 214 transcripts, 1584 proteins, and 1400 phosphopeptides differentially expressed (P.FDR<0.1) in relation to Braak stage (Fig. 1C ). Of these, 7 genes showed differential expression at the RNA, protein, and phosphopeptides levels, including previously ADassociated genes such as GFAP, PSD-95 (DLG4), and CAMK4 (Fig. 1D) . Likewise, 29 genes showed differential expression at the RNA and protein levels, 165 genes between protein and phosphopeptides levels, and 5 between RNA and phosphopeptides levels (Fig. 1D , Table S2 ).
While tau mRNA and protein levels did not show significant changes in their expression in relation to increasing Braak stage (data not shown), we observed that the expression of 135 tau phosphopeptides (including AT8-specific S202 and T205 epitopes) significantly increased from
Braak stages 0-VI (Fig. 1B) , confirming the use of Braak staging as a method for assessment of disease progression. Additionally, BDNF mRNA levels showed a prominent decrease in expression with increasing Braak stage (Linear regression, P-FDR=0.06) (Suppplementary fig. S1A ), which is known to decrease with increased AD severity (Phillips et al., 1991) . Furthermore, an increase in complement/inflammatory factors, such as C4A and GFAP (Linear regression, mRNA: P-FDR=0.08 and P-FDR=0.06, Protein: P-FDR=0.02 and P-FDR=0.003, respectively) (Supplementary fig. S1B ), was detected in relation to increasing Braak stage, which complies with the well-established increase in complement/inflammatory response accompanied with AD progression. These changes can be considered as positive controls validating the brain sample set and its classification according to Braak staging (Heppner et al., 2015; Zorzetto et al., 2016) .
Determination of expression profiles associated with AD-related neurofibrillary pathology
Given the progressive nature of AD, we implemented fuzzy c-means clustering to identify distinct expression patterns across the seven Braak stages. Optimal number of clusters for each dataset was identified, resulting in nine clusters for transcripts and six for proteins and phosphopeptides ( Fig.   2A ). Clusters were ranked based on their relevance to Braak stage and denoted by T, Pr, or Ph, for transcriptomic, proteomic and phosphopeptide clusters, respectively. Therefore, for example cluster T1 represents the most neurofibrillary pathology-associated transcriptomic cluster. In total 1000 random permutations were performed to determine the statistical significance for each cluster (Table S3 ).
Owing to the nine clusters for the transcriptomic data, and six clusters for the proteomic and phosphopeptide data, 10522 transcripts, 4622 proteins, and 2993 phosphopeptides were not clearly grouped to any cluster. The obtained clusters contain a range of 611-1590, 284-609, and 289-640 genes for mRNA, protein, and phosphopeptide data, respectively (Supplementary table S3 ). To identify potential clustering of cell-type specific gene products, we determined the overlap of gene
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15 products for each cluster with previously characterized transcriptomes and proteomes of isolated neurons, microglia, and astrocytes ( Fig. 2B ) (Sharma et al., 2015) . This revealed a significant enrichment in neuronal markers for clusters T1, Pr2, Ph2, Ph5, and Ph6. Respectively, significant enrichment for microglial markers was observed in clusters T3 and Pr1. Interestingly, enrichment for astrocytic markers was also evident in clusters T3 (p=0.08) and Pr1 (p=4.04x10 -08 ). Next, we investigated possible associations between the clusters and α-, β-, and γ-secretase activities, soluble fig. S2 ) (Liu et al., 2013) . In turn, cluster T1
showed increased association with β-and γ-secretase activities, and soluble Aβ42 levels. However, most clusters showed low association to soluble Aβ42 levels or APOE genotype, indicating the need to look beyond these key factors affecting AD pathogenesis or risk and identify their possible upstream and downstream effectors.
Integration of transcriptomics and phosphoproteomics
To determine the biological processes related to each cluster and to allow identification of the sequential biological stages of AD, we performed enrichment analysis for overrepresented Gene
Ontology terms in each cluster, highlighting the top three enriched terms from each cluster (Fig.   2C ). Gene products associated with the enriched biological process are listed in supplementary table S4 and supplementary file 1. To visualise similarities between transcript, protein and phosphopeptide enriched Gene Ontology terms, we hierarchically clustered the top three terms of each cluster from all data levels, with a cut-off to exclude biological processes with a P.FDR value >0.05. This unravelled several shared biological processes between data levels and between clusters inside the data levels.
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We found that at early-phases of AD (Braak 0-I), there is a substantial decrease in the transcription of genes involved in biological processes, such as synaptic transmission, cell part morphogenesis, neurogenesis, establishment of synaptic vesicle localization, inorganic ion transmembrane transport, mitochondrial translational initiation/elongation/termination, mitochondrial electron transport (NADH to ubiquinone), and hydrogen ion transmembrane transport (T1, T2) (Fig. 2) . Furthermore, transcript cluster T1 is significantly enriched for neuronal markers (Fig. 2B ). This initial decrease is followed by a modest increase in expression at Braak stage II and then ultimately a decrease at later stages. Interestingly, proteins associated with cell part morphogenesis, neurogenesis, inorganic ion transmembrane transport, mitochondrial electron transport (NADH to ubiquinone), and hydrogen ion transmembrane transport are enriched at the protein level, sharing a similar expression pattern from Braak stages 0-III (down-up-down) (Pr2).
Similar to transcript cluster T1, protein cluster Pr2 was significantly enriched for neuronal markers.
Protein cluster Pr3, enriched in proteins related to lipid biosynthesis and phosphatidylinositol phosphorylation, also shows a similar type of down-up-down expression profile as clusters T1/T2, and Pr2 (Fig. 2) . Previously, it has been described that phospholipids potentially play a role in synaptic function and learning (Kim et al., 2017; Ohno et al., 2014) .
Contrary to the previous profiles, transcription of genes related to Rho protein signal transduction, positive regulation of phosphatidylinositol 3-kinase (PI3K) signalling, and positive regulation of interleukin 8 (IL8) secretion showed an opposite profile, with a clear increase of expression at Braak stages II-III (T3) (Fig. 2) . Concomitant with the increase in the transcription of genes related to inflammation, an increase in the abundance of proteins related to extracellular matrix (ECM) organization, cell-matrix adhesion, and platelet aggregation was apparent (Pr1).
Given that clusters T3 and Pr1 are enriched in microglial and astrocytic markers, this could indicate
the activation of the innate immune system. Moreover, this may represent a response to or an indication of initial neurodegeneration.
A marked decrease in transcripts related to de novo posttranslational protein folding, RNA biosynthetic process, regulation of nitrogen compounds metabolic process, RNA splicing via transesterification reactions, and nucleic acid-, heterocycle-, and cellular nitrogen compound metabolic process (T2, T4, T7) could be detected already at very early Braak stages (Fig. 2) .
Conversely, proteins in cluster Pr5, enriched for proteins related to RNA biosynthetic process, regulation of nitrogen compounds metabolic process, RNA splicing via transesterification reactions, and cellular nitrogen compound metabolic process show little expressional changes, with only a slight decrease from Braak stages 0-IV, and an increase in Braak stages V-VI. Changes in RNA transcription and splicing related to AD have not been extensively studied, whereas in other neurodegenerative diseases, such as amyotrophic lateral sclerosis or frontotemporal dementia, RNA transcription and splicing have been identified as a key feature of disease pathogenesis (Bai et al., 2013; Scotti and Swanson, 2015) . Taken together, gene products related to RNA transcription splicing arose in several clusters in our analysis, indicating that this could be a significant uncharted area in AD pathology.
Mapping of the AD-related kinome
To establish a relationship between clustered phosphopeptides ( Fig. 2A ) and relevant kinases, we performed a kinase enrichment analysis for the phosphopeptides in the Ph1-6 clusters, utilizing the kinase-substrate dataset KEA2 (Fig. 3) . From the kinase-substrate dataset we identified 12 significantly enriched kinases; CDK5, GSK3β, PRKACA, MAPK12, PKN1, CSNK2A2, MAP2K1, CSNK1E, CDK1, MAPK8, CSNK2A1, and MAPK10 (P-FDR<0.05) (Fig. 3) (Table 1) . Based on
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18 the phosphopeptide cluster profile, it is possible to delineate whether a kinase has increased or decreased activity in relation of Braak stage.
In line with previous findings, our analyses indicated increased activity of CDK5 and GSK3β, as a majority of their substrate phosphopeptides showed increased expression in relation to advancing Braak stage (Mazanetz and Fischer, 2007 ). An increase in activity was indicated also for PRKACA and MAPK12, which have been shown to regulate factors related to inflammation (Shi and Gibson, 2007; Sullivan et al., 2012) . Finally, we also observed an increase in PKN1 activity, a kinase that is susceptible to cleavage into truncated active forms by caspase-3 as result of glutamate excitotoxicity (Manser et al., 2008) . Interestingly, substrates of PRKACA and MAPK12 were found in clusters Ph1 and Ph3, which show a similar increase in expression levels from Braak stage II onwards, as in inflammation-associated clusters T3 and Pr1. From the kinase-substrate interactions identified, it is also worth highlighting the decreased levels of BIN1 phosphopeptides representing phosphorylation sites S296 and S298 (Table 1) . BIN1 has been identified as a highly important susceptibility gene in late-onset AD, but little is known about the functional effects of BIN1 on AD pathogenesis (Chapuis et al., 2013) . BIN1 has previously been linked to tau hyperphosphorylation, endocytosis/trafficking, inflammation, and calcium homeostasis, but there is no previous research on the effects of changes in BIN1 phosphorylation, highlighting a valid future research focus (Tan et al., 2013) .
To evaluate if the changes in kinase activity can simply be explained by changes in their mRNA or protein levels in relation to Braak stage, we extracted the RNA and protein expression profiles available for the identified kinases (Supplementary fig. S3 ). Apart from CDK5 and CSNK2A2 showing significant reduction in protein levels in relation to increasing Braak staging (ANOVA, P-FDR=0.7x10 -3 and P-FDR=0.02, respectively), the identified kinases did not show protein expression levels (Supplementary fig. S4 ). Similarly, a large proportion of the identified CSNK2A2 phosphopeptides showed an inverse correlation with CSNK2A2 protein expression levels (Supplementary fig. S5 ). This suggests that CDK5 and CSNK2A2 activity is potentially modulated via specific post-translational mechanisms. This phenomenon is well-described for CDK5 in AD, where Aβ is suggested to increase the conversion of p35 to p25, which in turn causes prolonged activation of CDK5 (Lee et al., 2000) .
Molecular interaction networks of pathophysiological changes in relation to AD-related pathology
The clustered expression profiles and cross-comparison of associated biological processes at different data levels suggest that synaptic and mitochondrial dysfunction represent the pathophysiological alterations taking place at the MCI/preclinical phase (Braak 0-II). Subsequently, inflammatory activation is perceived at later Braak stages (Braak II-III), potentially underlining the initiation of neurodegeneration and transition from MCI to AD/dementia (Fig. 4) . To elaborate the potential interplay between the different processes, we mapped out the molecular interactions between both associated gene products (Fig. 5A-B) . To do this, we constructed two lists of gene products identified in our clustering analysis associated with (1) cell part morphogenesis, neurogenesis, hydrogen ion transmembrane transport, mitochondrial electron transport (NADH to ubiquinone), and (2) Rho protein signal transduction, positive regulation of PI3K signalling, positive regulation of IL8 secretion, ECM organization, cell-matrix adhesion, and platelet
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20 aggregation for which data at both the transcript and protein level was available. By utilizing the molecular interaction database IntAct we constructed two networks, one consisting of synaptic and mitochondria associated gene products (1) (Fig. 5A) , and the other consisting of inflammation/ECM associated gene products (2) (Fig. 5B ).
This approach highlighted the complex interplay between synaptic and mitochondrial functions. Given the well-established association of CDK5 with AD, we highlighted an interesting link between CDK5, PAK1, DBN1, HSP90AA1, and ATP6V1A, and visually integrated the phosphopeptide expressional changes found in our data. By doing this, we detected a significant decrease in PAK1 phosphopeptide expression levels (S155, T185). This is possibly due to altered activity of CDK5. Once again, this provides controversial data on the activity of CDK5, warranting further research to understand the changes in CDK5 functions associated with AD. It should be noted that PAK1 protein levels are significantly decreased potentially explaining the decrease in PAK1 phosphopeptide expression or alternatively represent a result of aberrant phosphorylation.
Mining of the interaction database also revealed an interactor between PAK1 and CDK5;
HSP90AA1. HSP90AA1 has been described to regulate the interaction between CDK5 and p35, altering CDK5 activity and levels of tau phosphorylation (Luo et al., 2007) . Interestingly, ATP6V1A, and several other subunits of v-ATPase, were found to interact directly or indirectly with proteins, such as DBN1 and AP2M1. v-ATPase is necessary for several functions relevant to neurodegenerative diseases, such as neurotransmitter priming to synaptic vesicles and regulation of lysosomal acidification (Bagh et al., 2017; Wang and Hiesinger, 2013) . Recent findings by Bagh et al., [54] indicate that v-ATPase trafficking to lysosomes is mediated by interaction with AP2, and that reduced localization of v-ATPase to lysosomes results in elevated lysosomal pH. Given that autophagy and lysosome-mediated protein degradation are thought to be impaired in AD, this
21 underscores the potential of these pathways as early-phase intervention targets (Feng et al., 2017; Tian et al., 2013) .
The interaction network for gene products associated with inflammation/ECM reveal evident expressional changes at both the transcript and protein level for gene products specifically associated with ECM organization, cell-matrix adhesion, and platelet aggregation. (Donner et al., 2016) . Taken together, mapping interactions between the identified gene products related to specific biological processes and integration of transcript, protein, and phosphopeptide expression levels provides a wide array of potential biomarker and therapeutic target candidates for further studies.
Transcript-, protein-, and phosphopeptide-based Braak stage classification
Given the trend of progressive activation of different biological processes with increasing ADrelated neurofibrillary pathology, we asked if individuals could be differentiated between Braak stages based on the expression levels of a small set of transcripts, proteins, or phosphopeptides. To were required to produce a decision tree capable of completely differentiating individuals between Braak stages (Fig. 6A) . Equally, at the protein and phosphopeptide level, expression levels of 8 proteins and 7 phosphopeptides were required, to differentiate individuals between Braak stages ( transcripts. Taken together, these machine learning approaches provide a set of genes with the potential to differentiate between Braak stages, warranting further validation as potential biomarkers for different stages of AD. Furthermore, they highlight similar functions as found in the clustering approach, emphasizing the potential importance of these biological processes in AD.
Discussion
The complexity and progressive nature of AD requires global profiling of alterations in the brain at different stages of disease. Here, we combined gene expression microarray and phosphoproteomic Our approach highlighted that clusters enriched for neuronal markers and gene products related to synaptic-and mitochondrial functions and lipid metabolism are strongly associated with AD-related neurofibrillary pathology at both the mRNA and protein level. Furthermore, observation of the cluster expression profiles revealed similar expressional patterns (down-up-down) at the RNA and protein level, with marked changes taking place at the very earliest Braak stages. This is in line with previous research highlighting these biological processes to be central in AD pathogenesis (Forner et al., 2017; Jones et al., 2015 Jones et al., , 2010 Kim et al., 2018; Lin and Beal, 2006) .
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Conversely, clusters enriched for astrocytic and microglial markers showed up-down-up expression profiles for proteins associated with inflammation, ECM organization, and platelet aggregation.
Surprisingly, similar biological processes are not enriched between these transcript and protein clusters, which could partially be due to the lack of proteome depths. Nevertheless, the data point to an increase in immune response from Braak stage II onwards. Previous independent network-based
analysis of large transcriptomic and proteomic datasets identified microglial gene modules to be strongly associated with neurofibrillary pathology and cognitive decline, proposing a relation between disease progression and inflammatory activation (Seyfried et al., 2017; Zhang et al., 2013b) . Thus, synaptic and mitochondrial dysfunction may represent pathophysiological alterations at the preclinical phase (Braak 0-II) occurring prior to symptom onset, followed by initiation of inflammation (Braak II-Braak III) and transition to symptomatic AD. To summarize, we provide here a schematic timeline providing an association of specific pathogenic events to different phases in AD pathogenesis (Fig. 4) . This highlights Braak stage II as a potential threshold point from where initial changes in synaptic and mitochondrial functions are amplified and inflammatory response and neuronal loss potentially are triggered.
One of the pathological hallmarks of AD is the abnormal phosphorylation of tau, indicating an imbalance in kinase activities (Dolan and Johnson, 2010) . By utilizing our phosphopeptide expression data, we mapped kinase activity changes in relation to Braak stage. These analyses highlighted increases in the activity of CDK5, GSK3β, PRKACA, PKN1 and MAPK12. However, lack of sufficient information on kinase-substrate relations allowed us to only match 7.7% of clustered peptides with their corresponding kinases, still leaving a large part of the AD-related kinome uncharted. Despite lack of availability of comprehensive databases, the available information allowed us to identify novel phosphorylation changes, such as the decreased levels of BIN1 phosphopeptides. Such findings may possibly provide novel candidate targets for the development of new biomarkers or therapeutic approaches. In the attempt to elucidate possible biological processes affected by alterations in phosphorylation, we found out that clustering of phosphopeptides does not provide clusters enriched for specific Gene Ontology terms. Additionally, cell-type enrichment analysis of phosphopeptide clusters revealed a much more heterogenous result than for transcript and protein clusters. This could be in part because a large portion of
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A C C E P T E D M A N U S C R I P T 25 phosphorylation changes are non-functional and thus cause noise in the data. Furthermore, phosphorylation of one protein may alter the function of an entire signaling pathway, which cannot be detected in our clustering approach (Landry et al., 2009) . Therefore, we suggest that the phosphorylation data should be used to complement protein and transcriptomic data and to help understanding shifts in expression changes for specific biological processes, as we show in our network approach.
As our data suggests a stagewise activation and suppression of biological processes in AD, identification of relevant biomarkers to differentiate individuals between Braak stages are essential.
Thus, to reduce the complex datasets and extract relevant transcripts, proteins, and phosphopeptides for the differentiation of individuals at different Braak stages, we performed decision tree and RF analysis. The approach showed how a small number of transcripts (12) In conclusion, our data give insights into the relationships between biological processes altered at the different stages of AD-related neurofibrillary pathology, highlighting several interconnected and altered pathways, which warrant further research as potential therapeutic targets.
Additionally, utilizing the information of expression changes taking place at different Braak stages might prove useful for better classification of AD patients into different subtypes, allowing for
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26 options for patient-specific optimization of treatments in the future. Ultimately, our integrative multi-omic temporal sequence-based approach offers a comprehensive overview of transcriptional, translational and post-translational changes in relation to AD-related neurofibrillary pathology, providing new insights for biomarker and drug discovery research in AD.
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